Compliance control is highly relevant to human safety in human robot interaction (HRI). This paper presents multi-dimensional compliance control of a humanoid robot arm. A dynamic model-free adaptive controller with an anti-windup compensator is implemented on four degrees of freedom of a humanoid robot arm. The paper is aimed to compliment the associated review paper on compliance control. This is a model reference adaptive compliance scheme which employs end-effector forces (measured via joint torque sensors) as a feedback. The robot's body-own torques are separated from external torques via a simple but effective algorithm. In addition, an experiment of physical human robot interaction is conducted employing the above mentioned adaptive compliance control * Taibah University College of Engineering Yanbu, Al Madinah, Saudi Arabia.
Introduction
Human safety is in the core of human-robot cooperation and physical human-robot interaction (pHRI). Compliance control can help in achieving safe human-robot interaction. There are two options for compliance, passive compliance and active compliance. Passive compliance is based on a suitable robot mechanical build, which avoids physical injury at impact or due to other interacting forces. However, passive compliance cannot be used in our case. This is due to the fact that our BERT II robotic arm is inherently rigid.
In our case, active compliance control scheme has therefore been used to make it safer for interaction with humans. The torque sensors installed in the robot joints have been used to implement the scheme. Active compliance has been investigated by various researchers to deal with the safety aspects of human-robot interaction. Some of the related work can be found in 20, 26, 27, 1, 3, 33, 38, 5, 37 . Often compliance or impedance controllers are model-based nonadaptive schemes, e.g. 4 5 27 25 2 3 and 19 . However, for a large scale multi-redundant robot system, exact identification is rather complex. Component ageing or damage may invalidate these dynamics identifications. Hence, it is preferred here to use adaptive schemes which can guarantee predesigned passive characteristics in the face of a changing system. Further details on recent developments in compliance control are given in the associated review paper, Part I.
In general, there are two main types of adaptive control schemes i.e. model reference adaptive control (MRAC) and self tuning (ST) adaptive control. In MRAC, the adaptation mechanism is looking for suitable parameters, so that the plant response becomes the same as that of the reference model (see 28 ). The reference model in our case is a second order mass-spring-damper system. Compliance control research for safe HRI has attracted many researchers recently e.g. 6,10,31 ' 34 21 ' 35 ' 36 . In the next section, MRAC based model reference adaptive compliance control with anti-windup compensation and posture control scheme is introduced, followed by the implementation (in real-world experiment) on a humanoid robot arm 16, 15 . The Cartesian (x, y and z) tracking scheme for 4 DOFs (using shoulder flexion, shoulder abduction, humeral rotation and elbow flexion joints of the BERT II arm shown in Figure 1 (a)) is tested for multi-dimensional compliance control using the robot's joint torque sensors. For multi-dimensional compliance control of the arm, the robot's body-own torques need to be separated from the external torques. Hence, initially, for a couple of minutes, a recursive least square algorithm is run to learn the robot's body-own torques due to gravity and then the learnt parameters of this body torque estimators are kept and normal operation of the control begins.
These body torque estimators are used to find the external torques, by subtracting robot's body-own torques estimates from the sensor measured torques. Followed by an HRI experimental example (Section, 4) using this Compliance control scheme along with a separate control scheme for grasping incorporating speech (humanrobot verbal communication). The HRI experiment is included as an application for the compliance controller presented in the previous section. The passing of an object between a human and a robot is performed while communicating through speech and employing the compliance controller for safety 14 .
Multi-Dimensional Adaptive Compliance Control of BERT II Arm
In this section, a model reference adaptive compliance controller is presented.
The experimental implementation of a multi-dimensional compliance case (adaptive model reference compliance controller shown in Figure 1 (b)), is discussed. The scheme here is based on our previous work, however, the control scheme has been suitably modified to improve multi-variable control performance ( 15, 16 and to compute the external forces/troques by separating it from an estimate of the robot's own body torques (mainly the gravitational torques). An adaptive multidimensional compliance model reference adaptive controller is implemented in realtime on 4 DOFs of the humanoid BERT II arm in Cartesian space (see Figure 1 (a)). The robot manipulator is controlled in such a way as to follow the compliant passive behaviour of a reference mass-spring-damper system model subject to externally sensed forces/torques in all DOFs in contrast to the one dimensional version 16 . The relevant reference model converts all measured torques into their equivalent forces at the end-effector and reacts accordingly. The suggested control scheme takes particular account of the multi-variable aspect and the problem of the robot body's own torques when measuring external torques. The redundant DOFs were used to control the robot motion in a human-like pattern via effort minimisation in the same manner as 16 . Similarly, associated actuator saturation issues were addressed by incorporating the novel AW-compensator. Moreover, the control scheme presented by 8 is adjusted to allow for a more versatile set of controller parameters suited to the multi-variable control problem of multi-redundant robots. This modified scheme employs dynamically changing forgetting factors introduced into the adaptive laws (details can be found in our work 15 ).
Adaptive Compliance Control
In general, model free adaptive controllers are easy to implement and can minimize computational issues. To implement such controllers, almost no information about the parameters of the robots is necessary. Only the general structure of the model which consists of the inertia matrix, coriolis/centripetal vector and the gravity vector is considered. One such a controller is the powerful adaptive compliance controller developed by Colbaugh et al. 8 ; it has been employed and extended here by .
an AW-compensation scheme, while the controller scheme has been suitably modified to improve multi-variable control performance. Motivations for this method are its ease of implementation for a higher DOF system as well as the fact that it has been developed directly in the task space. We assume the general structure of the robot dynamics is given by:
where M is the inertia matrix, a function of the n joint angles q. V is the coriolis/centripetal vector, which also represents viscous and nonlinear damping. G is the gravity vector. Note that any practical robot is subject to friction and damping which makes it an open loop stable system. T is the input torque. The Cartesian space dynamics are now given as follows: Instead of joint torques, the dynamics equate to the forces, acting on the end effector:
where
T , and J is the Jacobian of the kinematics X = h(q), i.e.
Hence, the Cartesian velocities are defined asẊ = Jq. The matrixJ is the inertia weighted pseudo Jacobian inverse adopted from 18 , (see also 24 ) : The Cartesian position of the end effector is used here to define the motion task of the robot. Hence, the dynamics of (2) represent here the Cartesian or Task dynamics. The adaptive Cartesian/task control law is:
where,Â,B,f andK are adaptive gains given later, while k is a positive scalar constant chosen by the designer. Moreover, the modified velocity and acceleration error are given byẊ d
The Cartesian position error is given by e x = X d − X, where X d the Cartesian demand position derived from a reference model, to be discussed later. The demand position X d is the result of the reference model discussed later in this section. The vector r is the filtered error and is defined as:
and Λ is a 3 × 3 diagonal matrix with positive values. The adaptive control laws are given by: The adaptive law estimating the gravity vector is given as:
The inertia matrix in Cartesian coordinates is estimated in:
Coriolis/Centripetal forces are indirectly estimated via the matricesB andK:
and using the following dynamically changing forgetting factor:
with the assumption that K βi , K αi0 and K αi1 are positive definite diagonal matrices. Note the minor but practically important difference of using diagonal gains for the adaptation laws in difference to 8 . This allows for better tracking of multi-variable control performance in contrast to 8 . The applied torque for adaptive control is:
which is sufficient to control the Cartesian/task dynamics (2). Nevertheless, the dynamics of (2) represent only three degrees of freedom and other control terms have to be augmented to retain stability of the other (n − 3) degrees of freedom, representing the posture or null-space dynamics in relation to the task dynamics. The reference impedance model characteristics are defined by the mass matrix M s , the damping coefficient matrix C s and the stiffness coefficient matrix K s . These values determine the behaviour of the reference model: where, F ext is the external Cartesian forces sensed through the joint torque sensors , X r is the reference trajectory and X d is the new demand to compensate the external force. Hence, M s , C s and K s can be used to adjust the level of compliance, e.g. if K s is decreased, the robot becomes more compliant.
Note that the simplicity of the adaptive controller (5)- (10), which does not require the structural knowledge of the inertia matrix, the coriolis force or the gravity vector, resulting in the rather simple structure of the adaptation laws, avoiding any of the geometric nonlinearities of robotic systems. Hence, the controller is (almost) model free. As the main control approach is applied to a multi-redundant system, the motion is under-constrained, and some links may follow bounded but seemingly random trajectories for a Cartesian demand position. Therefore, a posture torque controller has been added which deals with the redundant motion, to generate a human like movement pattern by minimizing the effort (a function of gravity) during reaching to a particular point in the robot work space. The method here is adopted from previous work by 29, 30 (see also 11 ). The 'posture' controller T p is in the null space of the adaptive Cartesian controller, hence, it does not affect the main controller:
where I is the identity matrix.Ĵ is the preliminary estimate of the inertia weighted pseudo Jacobian inverse:Ĵ
withM being an estimate of the inertia matrix M (1). The posture torque, T p is defined as:
where, K p and K d are proportional and derivative gains respectively. U p is the 'muscle' effort function defined as:
and G is the gravitational vector term from equation (1), and K m is the actuator activation matrix, having positive diagonal elements. Note that equation (13) uses an estimate of the inertia matrixM . Since this is done for the posture torque controller, a good estimate forM in (13) is sufficient to gain robust and acceptable posture control performance. In the Cartesian space, the adaptive law (5) is required for better tracking accuracy.
Anti-Windup Compensator
Due to the highly dynamic character of the adaptive control scheme, actuators can become saturated. This has shown to cause windup of the adaptation algorithms (10) causing destabilization of the robot controller, creating a highly unsafe environment for humans. Hence, a suitable avoidance of the windup of the adaptation algorithms guarantees the controller performance in case of saturation. Another important aim is to recover nominal adaptive control performance, once the actuator saturation is overcome. Therefore, an AW compensator system is adopted from 13 , originally developed for a neural network control scheme. Two functions DZ K f (||F ||) and c(DZ K f (||F ||)) are introduced for this anti-windup compensator:
K f is the artificial limit, imposed on the control signal. The function c(·), 0 ≤ c ≤ 1 is a smooth scheduling element defined as follows,
where δ is a positive design constant. The purpose of the scheduling element c is to activate a sliding mode element when actuator saturation is foreseen due to large amplitudes in F . When c = 1, only the adaptive controller is active and if c = 0, only a sliding mode control is active. If 0 < c < 1, both adaptive and sliding mode controllers are active, each at a reduced level. Using c(DZ K f (||F ||)) and DZ K f (||F ||) the adaptation laws forÂ,B,f andK are modified online. The adaptive law estimating the gravity forces becomes then:
Similarly, the adaptive law estimating the inertia matrix is modified to:
Equation (20) and (21) are the modified form of the adaptive laws indirectly estimating coriolis/centripetal forces while the forgetting factors are modified to:
where K αi2 are positive definite diagonal design matrices. Note that the adaptation laws of (18)- (21) are also including c in contrast to (7)- (10) . This modifies for c → +0 the adaptive laws into autonomous stable systems so that windup prevention is introduced, which is enhanced by the increase of the forgetting factor in (22) . Using this modified adaptive law, this changes the control law to: 
where, Sat(·) is the saturation function defined by the amplitude limits of the actuators andĴ(13) accounts for the uncertainM . The argument of the function c(DZ K f (||F ||)) has been omitted in the equations above using only c. Note that K f has to be chosen so that J TF remains strictly within the linear region of Sat(·), considering J TF as the argument.
Joints Torque Sensors and Body Torque estimates
BERT II robot arm is equipped with torque sensors in each of the joints to measure the external applied forces/torques. These sensors are strain gauges arranged in a wheatstone bridge. Torque sensors were experimentally calibrated by hanging different weights and recording voltage change. When there are no external forces/torques, the joint torque sensors measure the gravity torques T G εR 4×1 (plus also Coriolis/centripetal torques if the robot arm is moving). However, at lower velocities, coriolis/centripetal torques will be very small as compared to gravity torques. It is necessary to compensate for these body inherent torques when measuring external torques and forces. This is achieved by posing the gravity torque as a linear parameterised expression:
whereφ εR 4×6 contains the parameter estimates depending on the robot and the sensors scale, while W εR 6×1 is the regressor function formed by the geometric nonlinearities of the robot. Thus, W is a matrix consisting of suitable sin/cos functions. The parameter matrixφ is estimated during an initial test period using a recursive least square algorithm minimising:
φ is constant during normal operation. As a result, the actual body torques (T G ) and their estimates (T G ) are shown in Figure 2 . The standard Recursive Least Square (RLS) algorithm is employed. The error between the sensor value and the gravity torque estimate is :
The RLS-algorithm is therefore:
where γ, 0 < γ < 1, is the forgetting factor and P is an inverse correlation matrix (initialized with a large value): Hence, the new parameter estimate is obtained as:
Using this parameter estimate, the gravity torques are approximated as:T G = φ T n W n . These estimates of the gravity torques allows differentiating of external torques T ext from body-own torques of the robot:T ext = T measured −T G . In fact, we are using T ext = Dz(T measured −T G ), where, Dz is the dead zone function, to avoid the small errors inT G affecting T ext . The external torques, T ext , result from external forces, F ext , acting on the end-effector of the robot in x, y and z coordinates. Thus, the external torques T ext have to be mapped to these forces, F ext , using the inverse of Jacobian J . Note that J is not invertible and it has been found that the pseudo Jacobian inverse 16, 15 in this case gives numerically wrong results for certain poses, giving incorrect, large amplitudes for the estimated values F ext . Similarly, it was found that the damped pseudo-inverse:
, also gives large errors when computing, F ext in some cases. The most suited approximate inverse in our case is the inverse using singular value decomposition (SVD):
where U and V are unitary (possibly non square) matrices and S is a matrix, where only the diagonal values are nonzero, holding only the non-negative singular values of J. The SVD based Jacobian inverse is:
Hence, the estimated external end-effector Cartesian forces are:
Stability
Stability of the closed loop system can be shown here using the proof of 8 and
13
and a passivity argument. Thus, a detailed proof is avoided providing here only a short motivational explanation explanation: As in 13 , the robust sliding mode control component in equation (23) replaces the adaptive componentF when the saturation limit forF has been reached, i.e. for c(·) = 0. In this case, the adaptation laws (7)-(10) are disabled avoiding windup. The increased forgetting factor of (22) guarantees that the adaptive control law decreases its amplitude so that normal operation is recovered. The adaptive compliance controller with posture torque controller and AW compensator given by (14) and (18)- (24) is locally stable and achieves an ultimately bounded tracking error. The posture torque controller is subject to a static control scheme. The anti-windup compensator significantly enlarges the region of attraction of the control system in contrast to the adaptive control scheme, which destabilizes, once the control signal is saturated due to the adaptive control scheme. This is avoided by introducing an amplitude limited sliding mode element which replaces the adaptive scheme until the magnitudes off ,Â andK have recovered to smaller values.
Results and Discussion for the Compliance Controller
The controller is implemented for 4 DOF namely, shoulder flexion, shoulder abduction, humeral rotation and elbow flexion of the BERT II arm. The base coordinate frame is fixed in the shoulder. The end effector position is specified with respect to the base frame.
Compliance Results
In the absence of external forces, the robot end-effector should follow the reference trajectory X r . In the presence of external contact forces the reference trajectory is modified for X d and the robot will follow this new demand trajectory defined by the second order mass-spring-damper impedance reference model to compensate for the external forces.
The MRAC-approach allows us to design well-defined levels of compliance for safe human-robot interaction by choosing the correct values for the parameters K s and C s for x − y − z direction. Thus, it is tested for different stiffness and damping values imposed via the model reference (second order mass-spring-damper system), for external contact forces. These compliance results have been produced experimentally when external forces in x − y − z were applied by pushing and pulling the robot end-effector while using different values of K s and C s (Two different experiments are shown in Figure 3 (a) and (b) ). The end-effector trajectory follows the demanded reference model trajectory nicely (see also 14 ).
Anti-windup Compensator results
Practical tests have shown that without an AW compensator, actuator amplitude limits of ±3000mA are reached and the control system becomes easily unstable. Inclusion of the AW compensator prevents instability due to saturation. As mentioned previously, the scheduling element c = 1 means that the adaptive scheme is only active (see equation (23)). If c = 0, the sliding mode element alone is active, if 0 < c < 1, then both the sliding mode and the adaptive controller are active. For the real robot, it is seen that the adaptive controller is operating for most of the time, while the sliding mode scheme is only used over a short span of time when any of the actuators reaches its amplitude limit. This is particularly observed in Figure 4 for the scheduling element c which remains most of the time at c = 1. Hence, the AW scheme is effective, avoiding instability due to saturation but also recovering the nominal adaptive controller performance. Figure 4 also shows the motor current inputs of the humeral rotation joint and the shoulder flexion joint, which stay within the actuator amplitude limits of ±3000mA. The other two actuators (elbow flexion and shoulder abduction) are not shown, as in this experiment, their amplitude remained well below their amplitude limit. Note that this AW scheme also adds to the safety of the control scheme as it allows for the adaptive scheme to operate in the nominal case, while the AW scheme returns control to the case without saturation as quickly as possible, avoiding stability and performance loss in case of actuator saturation. 
HRI-Example Using Compliance
Cooperative Human-human interaction features a range of communication methods which, due to their partial redundancy, help to make interaction in diverse, noisy and chaotic environments possible. With the emergence of robotic carers or other robotic assistance, which will operate with or close to humans, it will be desirable that such robots are equipped with similar communication and sensing capabilities as humans. This will not only allow the human to interact 'naturally' with the robot, but also will contribute, due to the communication and sensing redundancy, to safety during interaction.
Here, we present an integrated system which has been successfully employed in a safe object passing task between a human and a robot. The system consists of (i) an anthropomorphic hand, comprising capabilities like grasping, pointing, releasing and 'sensitive' hand-over 22, 23 (see section 4.2); (ii) a humanoid robot arm fitted with a model reference adaptive compliance controller with contact detection, running on a dSPACE system; (iii) a bi-directional spoken language interface to issue commands, report states and request instructions 22, 23 (see Section 4.3). We show how those subsystems, all running on different computational platforms, can be integrated, and demonstrate the system's functionality with an interaction scenario that utilises all (built in) modalities. 
Interaction Scenario
For the experimental work presented here, we have designed a simplified humanrobot interaction scenario. Although this only demonstrates a small aspect of human-robot interaction that would be desirable in future care robots, it is representative for situations where a robot assists a physically less-able and possibly bedridden human. Imagine the following care situation: A bedridden human should be able to direct the robot towards a set of locations and instruct the robot to perform a certain task at a given location. During the repositioning of the robot, collisions can occur and the robot would need to be able to sense those, reduce the impact force to a minimum, report the collision to the human and ask for advice on how to proceed. Handling tasks that the robot performs should also be sensitive to impact. The hand-over of objects is of particular importance and the robot would be required to only release objects when the human holds them firmly.
Our simplified lab scenario reflects this general purpose example. A human is placed at a chair and the BERT II (see the work by Lenz et al. 23 ) robot arm is mounted on a stand. A paper bin is placed out of reach of the human but within reach of the robot (see Figure 5 ). The robot arm can extend its hand to the human. In our scenario, two locations (i.e. 'close to human' and 'above bin') are pre-programmed, but could easily be dynamically set or acquired by a higher level perception and reasoning system, as reported by Lallee et al. 22 . The human can now verbally instruct the robot to move to him/her or to the bin. Furthermore, it is possible to instruct the robot to take an object, release an object or hand-over an object. The difference between release and handover is that in the former the robot hand simply opens, whereas in the latter the hand opens only when the hand's sensing system perceives firm human contact with the handled object. During all those interactions, the robot also verbally announces its next action and position, which raises the human's awareness and therefore also enhances safety.
During the arm motion, the adaptive controller dynamically estimates the torques in the arm, which are subject to joint angles, velocities and accelerations. If the measured torque exceeds the body-own torque by a threshold torque, a collision is assumed. The robotic system verbalises this to the human and waits for further instructions. The human can then either instruct the robot to stay were it is or alternatively return to the last established position before a motion command was issued. This introduces an important safety feature in addition to the active compliance of the robot arm.
Grasping Controller for an Anthropomorphic Hand
For the grasping of objects, a single anthropomorphic hand module ( Figure 6 ) has been integrated into the arm control infrastructure 22, 23, 17 . The hand has nine DOF comprising gross movement for all 5 fingers, "trigger" action for index and middle finger, opposing of the thumb, and finger spread. Each DOF is actuated by a geared brushless DC motor and the lowest level motor control is established via an EPOS 24/1 positioning controller. 
Spoken Language Interface and High Level Control
In order to enable spoken language interaction we have integrated the CSLU Toolkit ( 32 ) Rapid Application Development (RAD) into the arm control infrastructure 17 . YARP based interface 12 has been used together with the dSPACE to communicate and translate speech command into motor commands.
The BERT II robot arm was controlled via the model reference adaptive controller (MRAC) shown in Figure 1 (b) (see also 16, 15 ) described in Section 2. As mentioned before, the reference model is a compliant, second order mass-spring damper system, the stiffness and damping terms can be selected to achieve several different compliance characteristics. The arm controller employed 4 joints, namely shoulder flexion, humeral rotation, elbow and wrist flexion joints (same as in Section 2). The adaptive controller was used in this experiment because of the unknown dynamics of the arm as well as the nature of the application, i.e. the handover process between human and robot, which cannot rely on a fixed dynamic model.
Our controller operates in Cartesian space (x, y and z) which only requires 3 DOF as reported in Section 2. The redundant 4th DOF is therefore utilised to generate human like motion in the arm by employing an effort minimizing posture controller based on the work of 29, 30 . The overall control scheme for the BERT II arm is shown in Figure 1 (b) . its current position and the next action. The plots arranged in a synchronised way, illustrating the timing between verbal communication a , the issuing of the motor commands and the actual motor action. The scenario illustrates how we interacted with the robot and how objects were grasped, released and transferred between locations (see also Fig. 5 and  14 ) . stay where it is (at t ≈ 55s), since in the latter case the actual position was very close to the target.
Results and Discussion

Conclusion
In this paper we have presented a multi-dimensional compliance control of a humanoid robot arm. The controller is an adaptive model reference compliance controller employing joint torque sensors for interaction force with environment. The compliant reference model is a second order mass-spring-damper system. The values of the spring constant and the damping coefficient can be changed to produce different levels of compliance. Associated windup/actuator saturation issues have been addressed via a novel anti-windup compensator. The scheme is dynamic model free and the redundant degree of freedom is employed to generate human-like posture. In addition, the adaptive compliance scheme is employed for a human robot interaction experiment. This shows the effectiveness of compliance in HRI. In the experiment, a human experimenter speaks with the robot and an object is passed from human to a robot arm. We have successfully demonstrated how diverse subsystems (including this model reference adaptive compliance controller) can be integrated to allow for safer human robot interaction. It is very clear that future robotic systems operating amongst humans will require advanced sensing systems (like artificial skin and high resolution finger-tip sensor) in order to successfully and safely assist humans. We have shown that even without those sensors, safety and dexterity is possible by exploiting information that can be obtained from motor currents (in case of the hand) or joint torque sensors (in case of the arm). This is not to say that more advanced sensors are not required. On the contrary, by combining advanced skin sensors with the already built-in sensing structure, future systems can be engineered for robustness, mutual enhancement and graceful degradation in the event of sub-system failure.
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